Abstract The AntiPhospholipid Syndrome (APS) is an acquired autoimmune disorder induced by high levels of antiphospholipid antibodies that cause arterial and veins thrombosis, as well as pregnancy-related complications and morbidity, as clinical manifestations. This autoimmune hypercoagulable state, usually known as Hughes syndrome, has severe consequences for the patients, being one of the main causes of thrombotic disorders and death. Therefore, it is required to be preventive; being aware of how probable is to have that kind of syndrome. Despite the updated of antiphospholipid syndrome classification, the diagnosis remains difficult to establish. Additional research on clinically relevant antibodies and standardization of their quantification are required in order to improve the antiphospholipid syndrome risk assessment. Thus, this work will focus on the development of a diagnosis decision support system in terms of a formal agenda built on a Logic Programming approach to knowledge representation and reasoning, complemented with a computational framework based on Artificial Neural Networks. The proposed model allows for improving the diagnosis, classifying properly the patients that really presented this pathology (sensitivity higher than 85%), as well as classifying the absence of APS (specificity close to 95%).
Introduction
AntiPhospholipid Syndrome (APS) is an acquired autoimmune disorder characterized by the presence of ThromboEmbolic Complications (TEC) and/or pregnancy morbidity, in the presence of persistently increased titers of antiPhosphoLipid antibodies (aPL) [1] [2] [3] . This autoimmune disease which cause the blood to clot too quickly both in veins and arteries, being also known as Hughes Syndrome, that may include the primary antiphospholipid syndrome if this condition is not linked to any other disease or secondary antiphospholipid syndrome, whenever this condition progresses along with another autoimmune disorder, namely (usually) Systemic Lupus Erythematosus (SLE) [1] . People from all ages, including children, may present the Hughes Syndrome, but it tends, mainly, to affect the 20-50 year old group, and it is more frequent in women than in men (e.g., in the United Kingdom alone, it is estimated that APS affects 1 in 100 people [3] ).
Venous thrombosis in APS is most commonly Deep Vein Thrombosis (DVT) and/or Pulmonary Embolism (PE), but any part of the venous system may be involved [4] . The most frequent arterial thrombosis in APS is the cerebral vasculature, resulting in transient cerebral ischaemia/ stroke. Pregnancy morbidity in the APS includes recurrent fetal losses and premature births [1, 3] . However, not only may a large variety of both veins and arteries be affected, but small vessels might also be involved [3, 5] . Microvascular thrombosis in APS is least common but may manifest as the potentially lethal Catastrophic AntiPhospholipid Syndrome (CAPS). In CAPS there is typically multiorgan failure, that may involve brain, heart, lungs, liver, kidneys, skin or eyes, associated with the presence of aPL [3, 6] .
Diagnosis of APS is made on clinical grounds and is supported by positive tests for antibodies to phospholipid binding proteins including antiCardioLipin (aCL), Lupus Anticoagulant (LA), and anti-β2GlycoProtein I (aβ 2 GPI) [2, 3, 6] . The classification of APS syndrome requires the combination of at least one clinical and one-laboratory criteria (persistent LA, aCL or aβ 2 GPI) [3, 5, 7] . Patients carrying both aCL/aβ 2 GPI isotypes display a higher risk of developing clinical events, strongly associated with venous and arterial thrombosis [5, 7] . An association of aCL and aβ 2 GPI antibodies in coronary artery disease and recurrent myocardial infarction has been reported in several studies [9] . Triple positivity, defined by the presence of LA and medium/high titers of aCL and aβ 2 GPI antibodies is the most predictive profile for the APS [8, 10] .
The early diagnosis of APS is crucial due to its high prevalence as an acquired autoimmune hypercoagulable state, as well as to the high morbidity and mortality associated to this disease. Thus, solving problems related to APS requires a proactive strategy, and the problem is going to be tackled with Artificial Intelligence (AI) based methodologies and techniques for problem solving. Thus, this work will focus on the development of an AI grounded Decision Support System aiming at the early diagnosis of APS and to signalize these patients. The computational framework was built on top of a Logic Programming approach to knowledge representation and reasoning [11, 12] , complemented with a soft computing approach to data processing based on Artificial Neural Networks (ANNs) [13, 14] . Indeed, this approach goes in depth in aspects like the case's Quality-of-Information (QoI) [15] and the case's Degree-of-Confidence (DoC) [16, 17] . Under this framework it will be possible to handle unknown, incomplete or even contradictory data, information, or knowledge.
Background Knowledge representation and reasoning
Logic Programming (LP) has been used for knowledge representation and reasoning, denoting a point of convergence of disciplines like Logic, Mechanical Theorem Proving and Computer Science. It may be given in terms of elements of Model Theory [18, 19] or Proof Theory [11, 12] . In the present work the Proof Theoretical approach is followed in terms of an extension to LP. An Extended Logic Program is a finite set of clauses, given in the form:
where B?^is a domain atom denoting falsity, the p i , q j , and p are classical ground literals, i.e., either positive atoms or atoms preceded by the classical negation sign ¬ [11] , that stands for a strong declaration that speaks for itself, and not denotes negation-by-failure, or in other words, a flop in proving a given statement, once it was not declared explicitly. Under this formalism, every program is associated with a set of abducibles [18, 19] , given here in the form of exceptions to the extensions of the predicates that make the program, i.e., clauses of the form:
being k an integer number that stand for data, information or knowledge that cannot be ruled out. On the other hand, clauses of the type:
? p 1 ; ⋯; p n ; not q 1 ; ⋯; not q m ð Þn; m ≥ 0 ð Þ also named invariants or restrictions, set the context under which the universe of discourse has to be understood. The term scoring value stands for the relative weight of the extension of a specific predicate with respect to the extensions of peers ones that make the inclusive or global program.
In order to evaluate the data, information or knowledge's quality that may be associated to a logic program, an assessment of it, denote here as QoI, is given by a truth-value ranging between 0 and 1 [15, 19] . Thus, QoI i = 1 when the information is known (positive) or false (negative), and QoI i = 0 if the information is unknown. Finally, for situations where the extension of a given predicate i is unknown but can be taken from a set of terms, QoI i ϵ ]0, 1[. Thus, for those situations, the QoI is given by:
where Card denotes the cardinality of the abducible set for i, if the abducible set is disjoint. If the abducibles set is not disjoint, the clause's set is given by C
Card , under which the QoI evaluation takes the form:
where C
Card
Card is a card-combination subset, with Card elements. Under this setting, a new evaluation factor has to be considered, which will be denoted as DoC, that stands for one's confidence that the argument values or attributes of the terms that make the extension of a given predicate, having into consideration their domains, fit into a given interval [20, 21] . The DoC is evaluated as depicted in Fig. 1 and computed using DoC ¼
, where Δl stands for the argument interval length, which was set to the interval [0, 1]. Thus, the universe of discourse is engendered according to the information presented in the extensions of such predicates, according to productions of the type:
where ⋃ and m stand, respectively, for set union and the cardinality of the extension of predicate i [20, 21] . As an example, let us consider the logic program:
where ⊥ denotes a null value of the type unknown. It is now possible to split the abducible or exception set into the admissible clauses or terms and evaluate their QoI i . A pictorial view of this process is given below (Fig. 2) as a pie chart.
Artificial neural networks
Artificial Neural Networks (ANNs) denote a set of connectionist models inspired in the behavior of the human brain. In particular, the Multilayer Perceptron (MLP) is the most popular ANN architecture, where neurons are grouped in layers and only forward connections exist [14] . This provides a powerful base-learner, with advantages such as nonlinear mapping and noise tolerance, increasingly used in Data Mining due to its good behavior in terms of predictive knowledge [22] . The interest in MLPs was stimulated by the advent of the Backpropagation algorithm in 1986, and since then several fast gradient based variants have been proposed (e.g., RPROP) [23] . Yet, these training algorithms minimize an error function by tuning the modifiable parameters of a fixed architecture, which need to be set a priori. The MLP performance will be sensitive to this choice, i.e., a small network will provide limited learning capabilities, while a large one will induce generalization loss (i.e., over fitting). The correct design of the MLP topology is a complex and crucial task, commonly addressed by trial-and-error procedures (e.g., exploring different number of hidden nodes), in a blind search strategy, which only goes through a small set of possible configurations. More elaborated methods have also been proposed, such as pruning [24] and constructive [25] algorithms, although these perform hill-climbing and are thus prone to local minima [13] . On the other hand, the number of nodes in the input layer set the number of independent variables, while those in the output layer denote one and all the dependent ones [14] .
In the diagnosis process, the physicians should evaluate a large amount of information ranging from details of clinical symptoms to various types of biochemical data and outputs of imaging devices. In order to streamline the diagnostic process and avoid misdiagnosis, in the most recent years, several decision support systems have been developed based on AI methods, like ANNs. Amato et al. [26] review and discuss the capabilities and limitations of ANNs in medical diagnosis that include several pathologies such as cardiovascular diseases, cancer and diabetes. Esfandiari et al. [27] reviewed 291 papers, published between 1999 and 2013 that address the problem of extracting knowledge from medical databases. These authors considered six medical tasks (screening, diagnosis, treatment, prognosis, monitoring and management), and four data mining goals (classification, regression, clustering and association). Data mining algorithms included Decision Trees, ANNs, and k-means Clustering Methods, among others. Martins et al. [28] developed a decision support system using ANNs to evaluate the acute coronary syndrome predisposing with an overall accuracy higher than 95%.
Materials and methods

Source of data
Aiming to develop a predictive model to assess Antiphospolipid Syndrome Risk Assessment, a database was set. The data was taken from the health records of patients followed up in the Laboratory of Clinical Pathology of the Hospital do Espírito Santo de Évora (HESE), Portugal. The study protocol was approved by the Ethics Committee of HESE. Demographic data, clinical history, complementary diagnostic tests and the final diagnosis were obtained by accessing the HESE information system.
The human investigation committees of all the participating hospitals approved the study protocol. Written informed consent was obtained from all study participants.
Participants
This study included 1046 patients, aged between 2 to 90 years old, with an average of 46 ± 16 years old. The general characteristics of patients in this study are presented in Table 1 . The gender distribution was 31.4% and 68.6% for male and female, respectively. In 70 patients, i.e., 6.7% of the cohort, it was observed APS syndrome. The patients include in this 
Antiphospholipid antibodies quantification
Patients were undergoing fasting and samples were collected in ulnar region of the arm, without tourniquet use to prevent the haemolysis, platelet aggregation and release of tissue factor. Samples were collect in tubes with sodium citrate anticoagulant to 0.109 M taken in a 9:1 ratio. Following the protocol for blood samples were treated according to the Clinical and Laboratory Standard Institute recommendations [29] . All samples obtained was centrifuged at 2000 g for 15 min at room temperature; the plasma. The plasma was removed and centrifuged one more time at 2500 g for 10 min.
Analyses required for aCL and aβ 2 GPI testing were performed with ImmunoCAP Phadia 250® (Thermo Fisher Scientific, Waltham, MA USA). Determination of aCL and aβ 2 GPI antibodies was performed by standardized FluoroEnzymeImmunoAssay using EliA™ Cardiolipin and EliA β2-Glycoprotein I specific reagents (Phadia GmbH, Freiburg, Germany). Results were considered positive if titers of aCL and aβ 2 GPI are higher than the clinical cut-off of 40 U/mL [2] . Analyses required for LA were performed using the ACL TOP® System (Beckman Coulter, Miami, Fl, USA) with the HemosIL™ Silica Clotting Time (SCT), (Instrumentation Laboratory Company, Bedford, MA, USA). The procedure involves the SCT Screen and SCT Confirm and results are expressed as a ratio of screen and confirm.
Extract, transform and load process
In order to obtain a computing model it was necessary to gather data from several sources and carry out an Extract, Transform and Load (ETL) process to organize the information. Hence the information was organized as a star schema, which consists of a collection of tables that are logically related to each other [30] . Thus, to obtain a star schema it was essential to set a sequence of events. In the former one it was necessary to understand the problem in study and gather the parameters that have influence on the final outcome. The next stage was related with the dimensions that would be needed to define these parameters on the facts table. Finally, information from several sources was collected, transformed according the fact and dimension table and loaded to the fact table.
The star schema conceived for this study (Fig. 3) takes into account the variables that characterize the patients' state regarding antiphospholipid syndrome (Facts Table) , where Dim Tables show how data was classified (e.g., for patients without smoking habits, ex-smokers or current smokers, the assigned values were 0 (zero), 1 (one) or 2 (two), respectively).
A logic programming approach to data processing
Based on the star schema presented in Fig. 3 , it is possible to build up a knowledge database (Fig. 4) , which stands for a situation where one has to manage information about APS. The knowledge base includes features obtained by both objective and subjective methods, i.e., the physicians may populate some issues while executing the health check. Others may be perceived by laboratorial tests (e.g. the absence/ presence of Antiphospholipid Antibodies). Under this scenario some incomplete and/or unknown data is also present. (Fig. 3) .
Applying the algorithm presented in [20, 21] , to the fields that make the knowledge base for APS Risk Assessment (Fig. 4) where 0 (zero) and 1 (one) denote, respectively, the truth values false and true. The algorithm presented in [20, 21] encompasses different phases. In the former one the clauses or terms that make extension of the predicate under study are established. In the subsequent stage the arguments of each clause are set as continuous intervals. In a third step the boundaries of the attributes intervals are set in the interval [0, 1], according to a normalization process given by the expression (Y − Y min )/(Y max − Y min ), where the Y s stand for themselves. Finally, the DoC is evaluated as described above.
Exemplifying the application of the algorithm presented in [20, 21] , to a case (patient) that presents feature vector (Age = 65, Gen der = 1, BMI = 1, Hypert ension = 1, S m o k i n g H a b i t s = 1, C l i n i c a l M a n i f e s t a t i o n s = 1, A ntiphospholipid A ntibodies = 0, C linical R isk F actors = [2, 3] , C linical C omplications = ⊥), one may have: DoCs evaluation Begin <<The predicate's extension that sets the Universe-ofDiscourse for the term under observation is fixed>> 
Assessment of antiphospholipid antibodies and model
The performance assessment of each antiphospholipid antibody and model is carried out based on the coincidence matrix, created by matching the predicted and target values ( Table 2 ). Based on coincidence matrix it is possible to compute different metrics in order to evaluate the performance of the biomarkers and model, like accuracy, sensitivity, specificity, Positive Predictive Value (PPV), Negative Predictive Value (NPV), Positive Likelihood Ratio (LR+) and Negative Likelihood Ratio (LR-):
where TP, FP, FN and TN stand for True Positives, False Positives, False Negatives and True Negatives, respectively.
The sensitivity and specificity are statistical measures of the performance of a binary classifier. Sensitivity measures the proportion of true positives that are correctly identified as such, while specificity measures the proportion of true negatives that are correctly identified. Moreover, it was necessary to know the probability of the classifier that gives the correct diagnosis. Thus, it is also calculated both PPV and NPV, while PPV stands for the proportion of cases with positive values that were correctly diagnosed, NPV denotes the proportion of cases with negative values that were successfully labeled [31] . LR+ is the ratio of the proportion of patients who have the disease and test positive to the proportion of patients without the disease who also test positive. LR-is the ratio of the proportion of patients who have the disease who test negative to the proportion of patients without the disease who also test negative [31] . According to Florkowski [31] , a LR+ greater than 10 and a LR-less than 0.1 are considered to exert highly significant changes in probability, such as to adjust clinical management.
In addition, the Receiver Operating Characteristic (ROC) curves were considered. A ROC curve displays the trade-off between sensitivity and specificity and can be used to visualize the performance of a binary classifier, i.e., a classifier (an antiphospholipid antibody or a model in this case) with two possible output classes (i.e., two patient states referred as diseased and non-diseased). The Area Under the Curve (AUC) quantifies the overall ability of the test to discriminate between the output classes. The AUC can be interpreted as the probability that a randomly chosen diseased subject is rated or ranked as more likely to be diseased than a randomly chosen non-diseased subject [32] . The maximum AUC, i.e., 1 (one) means that the test is perfect in the differentiation between the two possible output classes. This happens when the distribution of test results for the output classes do not overlap. The minimum AUC should be considered a chance level, i.e., AUC = 0.5, since AUC = 0 means that the test classifies incorrectly all subjects.
Results and discussion
Sample characterization
This study revealed a low incidence of patients with APS (6.7%) comparatively to the patients without APS. The patients with APS aged between 15 to 88 years old (average of 49 ± 17 years old). The gender distribution in APS patients was 22.9% for male and 77.1% female. Among the patients with APS, 44.9% of female population showed simultaneous presence of three antibodies while this condition was only observed in less than 5.7% of the male population. Clinical manifestations were scored from symptom onset until the end of inclusion. The organ involvement was higher in APS patients comparatively to the others patients, namely kidney, lungs, heart and skin ( Table 1) .
Evaluation of performance of antiphospholipid antibodies
In order to evaluate the performance of aPL the counting of TP, FP, FN and TN was made. A TP is a patient diagnosed as diseased and with a value of the aPL higher than the threshold (i.e., 40 U/mL, 10 U/mL and ratio of 1.24 for aCL, aβ 2 GPI and LA, respectively) [7, 8] , while a FP is a patient diagnosed as non-diseased that exhibits a value of the aPL higher than the threshold. Conversely, a FN is a patient diagnosed as diseased and with a value of the aPL lower than the cutoff value, whereas a TN is a non-diseased one with a value of the aPL lower than the cutoff value. The results are displayed in Table 3 . Based on coincidence matrix it is possible to compute accuracy, sensitivity, specificity, PPV, NPV, LR+ and LR-of each aPL. The values of those metrics are showed in Table 4 for antiphospholipid antibodies, i.e., aCL, aβ 2 GPI and LA. A perusal of Table 4 shows that the LA presents the higher values of sensitivity and NPV, and the lower values of accuracy, specificity, PPV, LR+ and LR-. Conversely, aCL exhibits the higher accuracy, specificity, PPV and LR+ values, and presents the lower values of sensitivity and NPV.
The high sensitivity (87.1%) and low accuracy (67.1%) and specificity (65.2%) observed for LA can be correlated with the nature of this marker often associated to SLE. Conversely, aCL and aβ 2 GPI presented high accuracy and specificity and high NPV. According Cervera and Asherson [1] , persistent false-positive LA tests were also associated with an increased risk for future development of SLE and several related autoimmune diseases. Moreover, the high titers of aPL, namely aβ 2 GPI antibodies are associated with a high risk of thrombosis [2, 5] . Despite the high specificity of aβ 2 GPI compared with the other aPL it have a low diagnostic value due to its ability to detect all antibodies reactive with β 2 GPI, including nonpathogenic antibodies [5] . Indeed, when aβ 2 GPI antibody detection is the only positive test, results should be related to clinical and other laboratory findings [3, 5] .
The ROC curves for each aPL and the respective AUC are shown in Fig. 5 . The AUC, ranging between 0.70 and 0.76, are in concordance with the results of sensibility and specificity of aPL (Table 4) , since the LA exhibits the higher value of AUC and aCL presents the lower one. It denotes that the ability of the aPL to discriminate between diseased and non-diseased states is not very high, and should be complemented with other clinical information in order to conduce to a more effective diagnosis.
Soft computing approach
The LP approach to data processing previously presented demonstrates how the information comes together to form a diagnosis. In this section, a data mining approach to deal with this information is considered. It was set a hybrid computing approach to model the universe of discourse, based on ANNs, which are used to structure data and capture complex relationships between inputs and outputs [33] [34] [35] .
One of the main contributions of this work is related with the ability to deal with incomplete data/information/knowledge. Besides to a classifier that enables the assessment of APS risk, the proposed approach intends also obtain the DoC associated to this prediction. Thus, it is necessary to use a data mining algorithm that is enable to consider more than one output variable. The choice fell on ANNs due to their dynamics characteristics like adaptability, robustness and flexibility. ANNs simulate the structure of the human brain, being populated by multiple layers of neurons, with a valuable set of activation functions. As an example, let us consider the case given above, where one may have a situation in which the APS diagnosis is needed. In Fig. 6 it is shown how the normalized values of the interval boundaries and their DoC and QoI values work as inputs to the ANN. The output depicts the APS diagnosis, plus the confidence that one has on such a happening.
To ensure statistical significance of the attained results, 30 (thirty) experiments were applied in all tests. In each simulation, the available data was randomly divided into two mutually exclusive partitions, i.e., the training set with 67% of the available data, used during the modeling phase, and the test set with the remaining 33% of the cases, used after training in order to evaluate the model performance and to validate it. The back propagation algorithm was used in the learning process of the ANN. As the output function in the pre-processing layer it was used the identity one. In the other layers was used the sigmoid function. Table 5 presents the coincidence matrix for ANN model (the values denote the average of the 30 experiments). Based on coincidence matrix it is possible to compute accuracy, sensitivity, specificity, PPV, NPV, LR+ and LR-for the classifier. The corresponding values are displayed in Table 6 for training and test sets.
A glance to Table 6 shows that the model accuracy was 95.6% for the training set and 93.4% for test set. Thus, the predictions made by the ANN model are satisfactory, attaining accuracies close to 95%. Furthermore, Table 6 shows that the sensitivity ranges from 86.4% to 89.6%, while the specificity ranges from 93.8% to 96.0%. PPV, in turns, ranges from 48.7% to 62.3%, while NPV ranges from 99.0% to 99.2%. On the one hand, the proposed approach proved to be sufficiently sensitive to classify patients correctly as APS positive. On the other hand, it was highly specific, since false positives can have a negative impact on clinical decisions.
The ROC curves for training and test sets are shown in Fig. 7 . The areas under ROC curves are higher than 0.9 for both cases, denoting that the model exhibits a good performance in recognition of ACS predisposing risk. In fact, the inclusion of other patient's characteristics, like smoking habits, clinical complications and clinical risk factors may be responsible for the good performance exhibited by the presented model. Furthermore, the proposed model takes into account the simultaneous presence of two or more aPLs antibodies. Indeed, some studies reported that patients with triple positivity for aCL, aβ 2 GPI and LA, exhibited a greater risk of thrombotic events than those who presented one or two positive antibodies [10, 36] .
Conclusion
The diagnosis system presented in this study is able to give an adequate response to the need for a good method for APS diagnosis. It is centred on a formal framework based on LP for Knowledge Representation and Reasoning, complemented with an ANN approach to computing that caters for the handling of incomplete, unknown, or even self-contradictory data/information/knowledge. The presented model showed a good performance in the diagnosis of APS, since their sensitivity and specificity exhibited values near 90%. These findings were corroborated by the area under ROC curves (> 0.9). Indeed, the main contribution of this work relies on the fact that at the end, the extensions of the predicates that make the universe of discourse are given in terms of QoIs and DoCs that stand, respectively, for the arguments quality of information and one's confidence that the predicates arguments values fit into a given interval considering their respective domains. Fig. 7 The ROC curves for training set (-) and for test set (− −)
